Abstract-An essential part of future collision avoidance systems is to be able to predict road curvature. This can be based on vision data, but the lateral movement of leading vehicles can also be used to support road geometry estimation. This paper presents a method for detecting lane departures, including lane changes, of leading vehicles. This information is used to adapt the dynamic models used in the estimation algorithm in order to accommodate for the fact that a lane departure is in progress. The goal is to improve the accuracy of the road geometry estimates, which is affected by the motion of leading vehicles. The significantly improved performance is demonstrated using sensor data from authentic traffic environments.
I. INTRODUCTION
This paper is concerned with the problem of simultaneously estimating the position of surrounding vehicles and the road geometry. The position of the surrounding vehicles is measured using a vision system and a radar, whereas the shape of the road is measured using vision only. It has been shown that integrating the tracking of other vehicles with the tracking of the road geometry parameters can give better performance than treating these problems separately [1, 4, 6, 16] . A fundamental assumption is that leading vehicles will keep following their lane, and their lateral movement can thus be used to support the otherwise difficult process of road geometry prediction. For example, when entering a curve as in Fig. 1 it can be seen that the vehicles ahead all start moving to the right and thus there is a high probability that the road is turning to the right. This information can be used to significantly improve the rather crude road geometry estimates provided by the vision system. The assumption introduced above can mathematically be represented as y 0, where yt is the lateral position of vehicle i. Note that yt is the position in relation to the lane, not the position in global Cartesian coordinates or coordinates attached to the host vehicle. In order to efficiently handle this, a road aligned, curved coordinate system is employed. It is important to note that the assumption of zero lateral velocity of the leading vehicles does not hold when they depart from the lane. This is typically accounted for in the model by adding white noise to Detection of lane departures and other model chang automotive tracking has previously been studied, for exa in [10] and [14] , where Interacting Multiple Models (IMM are used. However, their purpose is to improve the pos estimates of the surrounding objects, rather than the geometry parameters. Another approach is presented in where a neural network is used to detect lateral movemenvision based system. The method we propose is differen based on the standard cumulative sum (CUSUM) algorith] 12], which is augmented with a module for correcting the caused by using the wrong model during the detection p: before the CUSUM algorithm alarms.
The paper is structured as follows. First, the dynamic model and the estimation algorithm are briefly reviewed in Section II. This is followed by a discussion on how to detect lane departures of leading vehicles and how this information can be used to obtain better estimates. In Section IV it is discussed how the error caused by using the wrong model during the detection phase can be corrected. Finally, we provide a discussion on alternative methods in Section V and state our conclusion in Section VI.
II. ESTIMATION PROBLEM
The dynamic model is based on a curved, road-aligned coordinate system, defined in Fig. 4 , where x is the longitudinal position along the road and y is the lateral position 4280 perpendicular to x. For example, this means that if yt is the lateral position of object i, then yt = 0 simply means that with a object i is at order as measurements in our estimation problem. Furthermore, the l the radar provides measurements of the relative position of objects issed resolved in the coordinate system (x, y), attached to the host zd by vehicle. The dynamic model is discussed in more detail in the I and Appendix and the resulting estimation problem and its solution is treated in [5, 6, 8] . Tuning of the process and measurement es in noise will not be discussed in detail, except for the process mple noise of yt. The discrete-time dynamic model describing the [) [2] evolution of yi over time is given by ,ition road [15] , where w' is zero mean white Gaussian noise, with variance Qlat. In applying an Extended Kalman Filter (EKF), the tuning parameter Qlat describes to what degree it is believed that vehicles will keep driving at the same lateral position in relation to the lane.
III. DETECTING LANE DEPARTURES
The approach employed for improving the road geometry estimates based on detecting lane departures is illustrated in Fig. 5 . This is a standard approach within the area of change the longitudinal distance to the leading vehicle, whereas for detecting lane departures we are only interested in lateral distances. If the longitudinal distance to the leading vehicle is small, a small change of its lateral position would lead to a large angular change. If the same change of lateral position would be observed for a vehicle further away, the angular change would be smaller. Hence, we need a distance measure that is invariant to the distance to the leading vehicle. The most natural choice in this respect is provided by lateral displacement of the leading vehicle, approximately given by St = |Etrtl, (2) where rt denotes the distance to the leading vehicle, available from the estimation algorithm, primarily based on the radar measurements. The reason for using lEtrtl and not just Etrt in (2) is that we want to be able to detect both left and right lateral displacements, using a one-sided test. detection, which is a well established research area, see e.g. [3, 9, 11] . The aim of the detector in Fig. 5 is to detect lane departures based on the information available in the residuals t = Yt -Yt from the estimation algorithm. When a lane departure is detected this is indicated by an alarm from the detector, which is used to temporarily change model for the vehicle performing the lane departure. This implies that the estimation algorithm can provide a better estimate, simply due to the fact that a more accurate model is used. This section is concerned with devising the detection algorithm illustrated with the detection box in Fig. 5 . The estimation algorithm used in the present studies is based on the extended Kalman filter [5, 6] . The basic components of a change detection algorithm are illustrated in Fig. 6 A rather detailed account of the CUSUM algorithm and its application in state estimation problems is provided in [9] . However, for the discussion to come we point out that the detection delay is the time delay between the actual event, in this case the start of a lane change manoeuvre, and the detection. In the CUSUM algorithm the detection delay is the time it takes for gt to reach the threshold h, i.e., talarm -tchange. Illustrating how the estimation performance is improved using lane departure detection. This is the same data using in Fig. 2 , but the estimates from the filter based on change detection is also included.
This means that when an alarm is triggered, the actual event took place a certain time ago. We will get back to this fact in Section IV, where it is used to further enhance the estimation performance.
C. Application and Result
When the CUSUM-test gives an alarm this is fed back to the estimation algorithm, where an increased Qlat is employed for the vehicle performing the lane departure. Since this model better describes the lane departure it will result in better estimates, which also is clear from Fig. 7 . This lane departure model is employed during an appropriate time, corresponding to a typical lane change. After this we switch back to the original model. The idea outlined above has been tested using 35 minutes of authentic traffic data. The detection performance is detailed in Table I . For the present application a missed estimate that is obtained using the correct model. A schematic illustration of this idea is given in Fig. 8 .
In our application, this means that Qlat is increased at time I tchange and then kept high according to the previous section so that the total time equals the time of a typical lane change.
A result of this is typically a jump in the estimate at the detection times. Two detailed examples of the behavior of the enhanced algorithm are illustrated in Fig. 9 and Fig. 10 . The performance for a five minute data set is shown in Fig. 11 . From this figure it is interesting to note that in the last turn, around time 4500 [s], there is a time delay in the filter which is not present in any of the other turns. This is due to the fact that there are no vehicles to support the estimate and thus the curve can only be detected robustly once we have entered it.
V. ALTERNATIVE METHODS
The paper [14] by Weiss et al. discuss the use of a filter based on interacting multiple models (IMM) for detecting lane changes. The goal of their work is to improve the position estimates of surrounding vehicles, rather than road geometry. Of course, the same approach could be used in an integrated road geometry and object tracking model as the one proposed in this article in order to also improve road geometry estimation.
In an IMM approach, two or more models are run simultaneously and they are each given a probability, of being the "correct model", based on their residuals. The final estimate is then formed as a weighted average, using the probabilities as weights. We believe that the methods we propose here, based on the CUSUM-test, have several advantages. Firstly, a lane change is a distinct event, so either one or the other model is valid, not something in between. This means that conceptually, it is preferable to switch models completely rather than averaging two models. Secondly, the CUSUM-test provides a clear indication that something has happened, rather than a continuous change in probabilities and this indication can be used to take appropriate countermeasures. For example, this is necessary for initiating the refiltering scheme presented in Section IV.
Another idea that could be interesting to investigate is to use a two-sided test. In the proposed method, the absolute value of the residuals was used in combination with a onesided test. An alternative could be to use the signed residuals and a two-sided test, which might eliminate some of the false alarms. The reason is that an alarm could be triggered by a driver who is "wobbling" in the lane but actually not changing lanes. On the other hand, it could be argued that we would benefit from detecting any kind of lateral movement, not just lateral movement related to a lane change.
VI. CONCLUSION
By detecting behavior that deviates from the model in a tracking system, we can rely more on the model when it in fact is accurate. In the present application, this means that the road geometry estimate, which is supported by the motion of surrounding vehicles, can be significantly improved. A CUSUM-test is used, which has the advantage of giving a distinct alarm when a change has occurred. It is also concluded that the method of correcting for the error that was caused by using the wrong model during the detection phase does give further improvements of the estimation accuracy.
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APPENDIX -DYNAMIC MODEL
In this appendix the underlying dynamic model that is used throughout the paper is discussed in more detail. The derivation is performed in continuous-time. The discrete-time dynamic is obtained using the standard sampling formula [13] , under the assumption of piecewise constant input signals.
System Model
The coordinates x and y denote the position in the curved coordinate system, which is attached to the road according to Fig. 4 
